This article investigates whether high-growth firms grow in different ways from other firms. Specifically, we analyze how firms grow along several dimensions (growth of sales, employment, assets, and operating profits) using Structural Vector Autoregressions. Causal relations are identified by using information contained in the (non-Gaussian) growth rate distributions. For most firms, the growth process starts with employment growth, which is then followed by sales growth, then growth of operating profits, and finally growth of assets. In contrast, high growth firms put more emphasis on growth of operating profits driving other dimensions of growth, with employment growth occurring at the end.
A recent finding in the empirical industrial organization literature is the peculiar distribution of firm growth rates, which is far from Gaussian and instead resembles the symmetric exponential or Laplace distribution (Stanley et al., 1996; Bottazzi and Secchi, 2006) . This relatively new stylized fact is remarkably robust across countries, years, sectors, and also growth rate indicators (among a large literature, see e.g. Bottazzi et al., 2002; Fagiolo and Luzzi, 2006; Bottazzi et al., 2010; Duschl and Peng, 2015; and Yu et al., 2015) . The intuition behind this "tent-shaped" distribution of growth rates is that, while most firms do not grow, a handful of firms experience either very fast decline or very fast growth. Indeed, it has been suggested that the dynamics of industries is driven not by the stagnant majority, but by a handful of outliers-"market selection seems to operate quite gently, if at all, vis-a-vis most 'near-average' agents. . . selection dynamics are primarily driven by outliers" (Bottazzi et al., 2002: 720 ; see also Metcalfe, 2005) .
In parallel to empirical investigations of the growth rate distribution, there has been an increasing emphasis of research on a small number of HGFs or high-growth firms (see Henrekson and Johansson, 2010 , for a survey; see also for an introduction to the recent special issue on HGFs of Industrial and Corporate Change). (Bravo, 2010) . For our analysis we use data on UK businesses from Bureau van Dijk's FAME (Financial Analysis Made Easy) database. FAME aggregates data from Companies House and other sources to be probably the most comprehensive private source of firm data in the UK, with the vast majority of firms in the data set being unlisted on stock markets. Our key variables, Turnover, Net Tangible Assets, and Operating Profit, are defined in terms of thousands of GBP, and for number of employees we take the headcount of employees. We take growth of operating surplus (i.e. "operating profit") as an indicator of the financial performance of the firm because it excludes nonoperating expenses and taxes, etc. (Bottazzi et al., 2010; Coad, 2010) . However, we are aware that financial performance variables can sometimes be unreliable proxies for the underlying economic phenomena of interest (Fisher and McGowan, 1983) , and therefore should be treated with some caution.
We focus on the years 2003-2011, although many of the firms in our analysis do not report data for the full period, 1 meaning that we have an unbalanced panel. 2 Table 1 presents summary statistics on our initial sample in the first observed year. If we have too few observations to observe a firm over a 3-year period, then these firms are dropped from our analysis.
In line with previous work, 3 we focus on firms with 20 employees or more. Including smaller firms would amplify difficulties of missing observations and hence selection bias. Instead, we focus on firms with 20 employees or more, and so our results should be interpreted accordingly. In our subsequent analysis, we sometimes split the sample into subsamples of HGFs versus non-HGFs. This is done in the following way: first we calculate a firm's average annual employment growth over the available period (with a minimum of at least 3 years). If we consider that a firm's average annual employment growth rate c can be expressed in terms of the relationship between initial size S t and final size S tþs : ð1 þ cÞ s ¼ S tþs =S t (1) then the average annual growth rate c can be calculated in the following way:
The OECD-Eurostat definition of HGFs requires that firms have an average annual growth rate of c ! 20% over a 3-year period (with 10þ employees in the base year, Eurostat-OECD, 2007). However, in this article, we define HGFs as those firms that are in the top 10% of the (average annual) employment growth rates distribution (in our sample of firms with 20þ employees). We choose this measure of HGFs to exploit the available data as best we can, by making use of all available years (maximum duration: 2003-2011) . Firms in our sample are present for different lengths of time, and so we normalize by calculating the average annual growth rate (with a minimum of 3 years). It has been 1 Previous work by Cowling et al. (2008) shows that missing data in FAME is effectively random, and there is no evidence of any pattern in missing data. 2 Although we do not restrict firms to be present in each year 2003-2011, we do have the restriction that there are no gaps in the four SVAR variables for those years where a firm does report activity for that year. For example, if we have observations for a firm-year for growth of sales, employment, and assets, but not operating profits, then this firm-year will be dropped. 3 For example, work on data from the French National Statistical Office (INSEE), which focuses on firms above a threshold of 20 employees (see, among others, Coad,2007a Coad, , 2010 Bottazzi et al., 2010) .
observed that high-growth events display little persistence (Coad, 2007a; Parker et al., 2010; Holzl, 2014; Daunfeldt and Halvarsson, 2015) , and therefore we do not focus on what happens after a high-growth event, but only how firms grow during their high-growth period. Although some sectors may grow faster than others, we do not normalize by sector because we argue that a high employment growth rate is equally challenging (from an organizational point of view) whatever sector the firm operates in. We prefer relative growth to absolute growth because the latter emphasizes the growth of large firms to the detriment of the growth of smaller firms (Holzl, 2014) . We also focus on the top 10% of the employment growth rates distribution to ensure that we have enough firms in the HGF category, while avoiding having too large an HGF category that might also include some relatively slow-growth firms.
Methodology

Background
Previous work has recognized that firm growth indicators (sales, profits, employment, etc) are not perfectly correlated with each other, but shed light on different facets of firm growth, and correspond to different economic concepts (Shepherd and Wiklund, 2009; Miller et al., 2013) . Achtenhagen et al. (2010) survey the firm growth literature and write that (p. 307):
A crucial challenge for the future study of growth lies in how to capture this complexity and multidimensionality, e.g. by not treating growth as dependent variable but as intermediary variables while studying other outcomes, such as the improvement of performance.
And also that (p. 311):
One issue considered crucial by the entrepreneurs is clearly calling for more research on the interplay of the different growth aspects. While different studies . . . have pointed out that different growth measures are not highly statistically correlated, relationships still exist between them. and conclude that "more quantitative work is needed" (p. 310).
In this article, we seek to address these challenges to firm growth research by considering different facets of the growth process: sales growth, employment growth, growth of assets, and growth of operating profits. We therefore contribute to the literature that considers how firms grow in terms of sales and profits (Cowling, 2004) . To this end, we first apply reduced-form VAR models to the analysis of firm growth (Coad, 2010; Colombelli et al., 2014) to explore the intertemporal associations between the dimensions of firm growth observed in our data set (sales, employment, assets, and profits). Although intertemporal associations can describe the evolution of firms over time, they do not identify which variable is driving the other. Correlation does not imply causality-or in everyday language "you can't get an 'ought' from an 'is'." Knowledge of the causal relations (as opposed to mere associations) is essential as soon as one wishes to consider how to intervene in the system being observed.
Our SVAR estimator
To gain an understanding of causal relations, we then apply SVARs-to be precise, we apply a Linear non-Gaussian Acyclic SVAR model (VAR-LiNGAM; see Shimizu et al., 2006; Hoyer et al., 2006; Hyv€ arinen et al., 2010) that is identified through Independent Component Analysis (ICA; see Hyv€ arinen et al., 2001; Stone, 2004) . We implement the algorithm in Moneta et al. (2013) , which uses ICA to recover the latent components that are fully statistically independent, before they are arranged in the causal ordering that best fits the data. We begin by estimating a reducedform VAR to obtain the residuals, then we apply ICA to decompose these residuals into statistically independent shocks. The rows are then permuted to obtain an estimate of a lower-triangular matrix, which has zeroes along the diagonal. Further details are in Moneta et al. (2013) , and see also Coad and Binder (2014) for an application.
The main assumption required by our VAR-LiNGAM estimator is that the SVAR residuals it are non-Gaussian. This assumption cannot be tested directly, although we do verify that the related VAR residuals are non-Gaussian. The estimator also assumes that the causal structure is acyclic-that there is one main direction of causality between variables, and that minor feedback loops (that take place within the same time period) can be ignored. This assumption is reasonable in our context, to the extent that the major direction of causality is emphasized and any possible instantaneous feedback effects, that play a relatively minor role, are pruned down to zero. Three further assumptions can also be named here, which are shared with more conventional regression estimators. The first concerns omitted variable bias-it is assumed that there are no strong confounding variables that have been omitted from the VAR system. Bearing in mind the difficulties in finding variables that can accurately predict firm growth (Coad, 2009 ), we are not overly concerned about omitted variable bias. Second, VAR-LiNGAM is a linear regression model, which assumes that the relationships between the dependent and explanatory variables are linear. In view of previous work on firm growth, this assumption seems reasonable. Third, the SVAR shocks it are assumed to be independent-that is, independent across VAR series, and independent over time. This seems to be a reasonable assumption in our present context, especially considering that the SVAR shocks are independent by construction due to our ICA procedure.
Control variables and preprocessing
We begin by dropping all cases where we have missing observations for our four SVAR series (i.e. growth of sales, employment, assets, or operating profits). We then preprocess our SVAR growth rate series (following Coad and Binder, 2014) to remove the possible influence of control variables X it. These control variables are the following:
• Lagged logarithm of firm size, to control for the stylized fact that small firms are often observed to grow faster than larger firms (Coad, 2009 ). 4 • Lagged logarithm of firm size, squared, to account for a possible nonlinear relationship between size and growth (if e.g. small firms grow faster up to a certain size threshold, above which size no longer varies with growth rate; cf You, 1995; Sutton, 1997) . • Three-digit industry dummies, to allow for the possible influence of sector of activity on firm-level performance (see Malerba and Orsenigo, 1997 ; see also Srholec and Verspagen, 2012) and the possibility that firms from different sectors may have different growth rates. Three-digit sectors are defined according to the 2007 SIC industry classification system. • "Age" of the firm, which is measured here in terms of the number of years since the date of incorporation. This measure of age is similar to Demirel and Mazzucato (2012)'s indicator of firm age as proxied by age since the firm's Initial Public Offering. Note that the firm may have started operations before the date of incorporation, which would be a limitation of this indicator of firm age. • Year dummies are included to control for the influence of year-specific macroeconomic effects on firm growth, that are common to all firms in the same year.
Although there are other variables that have been mentioned in the literature as having an influence on firm growth rates, the limitations of our data sample prevent us from including further variables. Nevertheless, given that firm growth is often seen as being well approximated by a random walk (Coad, 2009; Denrell et al., 2015) , there is no reason to suspect that omitted variables bias should play an important role in our present context.
Our preprocessing of the growth rate series involves regressing the control variables (mentioned above) on the raw growth rate series G it , for firm i in year t, to obtain the vectorĝ it .
g it is then standardized (with mean 0 and standard deviation 1) to obtain the vector g it .
SVAR estimation
Our SVAR regression equation can be written as follows:
where g is a 4 Â 1 vector of growth rate series (growth of sales, employment, assets, and operating profits), and it is the error term. The matrix B corresponds to a lower-diagonal matrix of instantaneous effects (which indicates the contemporaneous causal orderings of variables), while / is corresponds to the matrix of intertemporal causal effects.
4 Firm size is measured using the same variable (sales, employment, assets, or operating profits) that appears as the dependent variable in this preprocessing step. For example, if we are preprocessing employment growth, then lagged size corresponds to the lagged logarithm of employees. If we are preprocessing assets growth, then lagged size corresponds to the lagged logarithm of assets.
Our reduced-form VAR is a simplified version of the SVAR regression equation, where the right-hand-side does not include the term B g it . The number of lags is represented by s. While lag selection criteria such as the Akaike Information Criterion and the Bayes Information Criterion do not provide clear-cutting recommendations in firm growth applications of our SVAR model (Moneta et al., 2013) , we focus on a simple one-lag model, but in our subsequent robustness analysis we also present results for two-and three-lag SVAR models. Table 2 contains a correlation matrix of the four VAR series. The highest pairwise correlation is between growth of sales and growth of employment, with a correlation coefficient of 0.5493. All of the four variables-growth of sales, employment, total assets, and operating profits-are positively correlated with each other, although the correlations are far from perfect (Shepherd and Wiklund, 2009; Coad, 2010; Miller et al., 2013) . These correlations give a preliminary view and serve as an introduction to our VAR and SVAR results. Another interesting feature is that the correlations are all below the frequently cited threshold value of 60.70 (Hair et al., 1998) , which suggests that we do not need to be overly concerned about multicollinearity in our particular context (especially considering that we have a relatively large number of observations, which should also help in identification). Table 3 contains the reduced-form VAR results, which are similar in spirit to those in Coad (2010) . These intertemporal associations are helpful in describing the time series evolution of the VAR series, but they do not allow any causal interpretation (and hence do not provide any information about the possible effects of a policy intervention). We begin by looking at the results for the full sample (top panel of Table 3 ). First of all, along the diagonal we can see the autocorrelation coefficients. Growth of employment and assets displays positive autocorrelation over time, while the growth of sales and operating profits displays negative autocorrelation (which is particularly strongly negative for growth of operating profits). 5 Sales growth is followed by positive changes in employment, total assets, and operating profits, while employment growth is positively associated with subsequent growth of sales, operating profits, and assets. Growth of operating profits has a relatively strong positive association with subsequent growth of assets.
Results
Correlations
Reduced-form VAR results
Comparing the results for the full sample (top panel of Table 3 ) with results for the subsample of HGFs, the results are generally quite similar, although a few differences can be mentioned. For HGFs, we observe a weaker association of employment growth with growth of the other variables (significant only in the case of subsequent sales growth). Nevertheless, for HGFs the positive association between assets growth and subsequent growth of sales, employment, and operating profits is stronger. Another interesting finding is that, for HGFs, growth of operating profit has no significant effect on subsequent growth of either sales or employment, although it is positively associated with subsequent growth of assets.
These reduced-form regression results give us a first insight into the intertemporal associations between the variables, although they are merely associations and not causal effects.
Structural VAR results
Before applying our SVAR model to our data, we first check that the residuals are non-Gaussian, which is one of the model requirements. Appendix 1 presents qq-plots (quantile-quantile plots) of the SVAR residuals, and shows that these residuals are indeed non-Gaussian. Non-Gaussianity is observed to be highly statistically significant when formal tests are applied (P-values of 10 À35 or smaller when Shapiro-Wilk and Shapiro-Francia tests are applied). Similar qq-plots are obtained for the HGF and non-HGF subsamples. This indicates that our SVAR identification strategy that applies ICA is an appropriate technique for our data. Following on from the reduced-form VAR results, we now focus on the structural VAR results that incorporate insights into causal relations and instantaneous effects (i.e. effects that occur within one period of observation, which in our case is 1 year). SVAR estimates of the matrix of instantaneous effects (matrix B in equation (4)) and also the matrix of the first SVAR lag (/ 1 ) are presented in Table 4 .
We begin by looking at the results for the full sample, shown in the top panel of Table 4 . Our SVAR estimates suggest the following causal ordering: employment growth appears to "kick-start" the growth process, having a positive effect on sales growth and assets growth, as well as a negative effect on growth of operating profit. 6 Taken together, these results show that employment growth is a direct cost (hence having a negative direct effect on operating profits) although there is an important indirect channel according to which employment growth boosts sales (both an instantaneous and a lagged effect), and sales growth will boost profits (again, both an instantaneous and a lagged effect). Following on from employment growth, sales growth has a positive causal effect on assets growth and operating profits. Growth of operating profits has a positive causal effect on growth of assets, while growth of assets has no direct instantaneous effect on any of the other variables. 7 These insights into the causal ordering of the variables Table 3 . Reduced-form VAR estimates and t-statistics, estimated using Least Absolute Deviation regressions (as opposed to conventional OLS). One lag only is included in the VAR. A constant term is included in the estimations but not reported in the tables. Each row corresponds to a median regression, with the dependent variable on the left, and the regression statistics (pseudo-R2 and number of observations) on the right. Standard errors are obtained after 100 bootstrap replications Table 4 also shows a small negative causal effect of profits growth on employment growth. Further robustness analysis (where HGFs are defined in terms of sales growth rather than employment growth) confirms this small negative effect.
could not have been obtained from reduced-form VARs (such as those in Section 2) because these latter focus only on intertemporal associations and have no way of identifying causal relations within the period. The results for the first lag of coefficients from the SVAR model are generally similar to those emerging from the SVAR model's matrix of contemporaneous effects (i.e. the B matrix from equation (4) corresponding to "lag zero"), although there are more observed relationships between the variables (because the first-lag matrix does not have any empty cells).
It should also be noted that the results for the full sample include not only growing firms but declining firms. The processes of decline would be a mirror image of the processes of growth: first employment declines, then sales declines, followed by a fall in operating profits and then a fall in assets.
With regards to the results for the subsample of HGFs, we observe that the results are indeed different. HGFs seem to follow their own style of growth process. For HGFs, profits growth is the "initiator" of growth of the other variables. Profits growth appears to have a positive causal effect on growth of sales and assets. This is consistent with capital rationing in external markets, making the firm more dependent on internal funds to invest in growth. Then, growth of total assets has a positive effect on growth of sales (and an insignificant effect on employment growth). This puzzling result suggests that firms that enjoy growth of profits will reduce their employment growth. Whatever the explanation, it suggests that we cannot assume that firms will necessarily plough back their profits into employment growth.
Growth of sales has a positive effect on growth of employment. Growth of employment comes last in the causal ordering. These insights into the growth processes of HGFs are reminiscent of findings by Achtenhagen et al. (2010: 308) , who write that: "How entrepreneurs view an increase in employment appears to be rather drastically different from what politicians would like to see." We observe that HGFs grow by first experiencing growth of operating profits, then growth of assets, then growth of sales, with growth of employment coming last. Our results for HGFs are also reminiscent of the previous suggestion by Davidsson et al. (2009: 388) that "sound growth usually starts with achieving sufficient levels of profitability," rather than vice versa. In addition, growth of operating profits (and also growth of assets and sales) may be a signal of overall firm quality, that endows managers and investors with the confidence to engage in growth, and provides the firm with the resources to pay higher wages to higher quality new employees (Dahl and Klepper, 2015) . Our results show that growth of operating profits has a negative direct effect on employment growth, although this is offset by positive indirect effects via sales growth and assets growth.
Robustness
Firms in our samples may display heterogeneity in their causal orderings, such that the most commonly observed causal ordering does not always represent how firms grow (in other words, even if sales growth precedes profits growth for most firms, there may be a large minority of firms for whom profits growth precedes sales growth, which would cast doubt on the robustness of the results). To investigate the prevalence of alternative causal orderings, we follow the procedure in Duschl and Brenner (2013) , where we check the frequency of causal orderings observed for 500 bootstrapped replications (see Appendix 2 below). For the sample of non-HGFs, the observed causal ordering occurs in virtually all of the cases. For the sample of HGFs, however, we observe a number of different causal orderings. In most cases growth of operating profits comes first, and employment growth comes last. In most cases, growth of assets comes second in the causal ordering, but there are some cases where growth of sales comes second in the causal ordering.
To further investigate the robustness of our analysis, we present results for SVAR models with longer lags. Taking longer lags offers a richer econometric model at the cost of a smaller number of observations. Appendices 3 and 4 contain the SVAR results for two and three lag models, respectively. Overall, our results are similar to those from the baseline one-lag model.
We also investigated several other concerns about the robustness of our results. First, the avid reader will recall that HGFs were defined in terms of employment growth. Do our main results hold using an alternative definition of HGFs based on sales growth (instead of employment growth)? Interestingly, we observed that our results were overall similar, although growth of sales and employment sometimes switched places in the causal ordering. For the sample of (sales) HGFs, the most frequently observed causal ordering was growth of profits, then assets, then sales, then employment (i.e. the same as for employment HGFs, although bootstrapping analysis revealed that sales and employment growth sometimes switched places). For the sample of non-HGFs, however, the most frequently observed causal ordering was growth of sales, then employment, then profits, then assets. For HGFs, defined either in terms of sales or employment, growth of profits and assets came at the start of the causal ordering, while the reverse was true for non-HGFs. Overall, these findings suggest that growth of sales and employment are closely related (as hinted at in our correlation matrix in Table 2 ) and that the causal ordering of these two variables (between themselves) depends on how HGFs are defined. Second, a possible concern relates to how the growth mode (i.e. organic growth vs. growth through mergers and acquisitions [M&A]) might affect our results. Using the available data on M&A activity in FAME (available to us for 2006-2011 only), we removed the known M&A events and repeated our analysis on the remaining subsample. The SVAR results were qualitatively similar to our main results, and yielded the same causal ordering as for our baseline sample. Third, to explore how firm size and sample composition effects might affect our analysis, we estimated our SVAR on a subsample of firms with 100þ employees, and obtained the same causal ordering and qualitatively similar results to our baseline full-sample case.
Discussion
This article applies advanced econometric techniques to identify differences in the processes of growth of HGFs and the general population. In doing so, the article seeks to clarify the causal relationship between four variables commonly used to proxy firm growth: sales, employment, profits, and assets. Historically this has been difficult to do given the econometric difficulties of obtaining causal estimates from observational data on firm growth. Our work differs from previous work by not considering the questions of which firms grow, or how much they grow, but instead how they grow (McKelvie and Wiklund, 2010) . Figures 1 and 2 summarize the SVAR results for the full sample and for the subsample of HGFs, respectively.
At the most basic level, our results for the general population of firms suggest that employment growth kick-starts the growth process, which is then followed by sales growth. This is then followed by growth of operating profits, and growth of assets occurs at the end of the causal ordering. These results are similar to those obtained previously (e.g. Coad, 2007 , Moneta et al., 2013 that highlight that growth of operating profits occurs toward the end of the growth process, while growth of employment and sales occur earlier on. For the full sample of all firms, the key stimulus is the addition (or subtraction) of employees, which contributes to growth of sales. Growth of operating profits is subsequently harvested, and growth of assets is determined at the end of the causal ordering. This approach follows a broadly Penrosian perspective whereby investment in staff capacity is used as the stimulus for slow expansion. Taking on new workers provides the resources to take advantage of productive opportunities, as manifested in sales growth. These sales then lead to an increase in profitability, which facilitates the firm's ability to invest these profits in assets.
We also questioned whether or not high growth firms would act differently to the general population. Our results indicate that HGFs have different growth processes to other firms because the growth of operating profits plays a more prominent role in HGF growth. For HGFs, growth of operating profits comes first, and has a positive effect on growth of assets and sales, and a (marginally significant) negative effect on the growth of employment. Second in the causal ordering is growth of assets, suggesting that it is through growth of assets that HGFs can increase their output (and hence sales) through productivity gains. Third in the causal ordering is growth of sales, and at the end of the HGF growth process is growth of employment. Employment growth occurs relatively late in the growth process for HGFs, indicating that these firms first increase their output through physical capital-induced productivity gains before subsequently adding employees. In contrast to what was observed for firms in general, employment growth is not the initial stimulus for firm growth in the subsample of HGFs. Instead, growth of operating profits appears to be the "prime mover" for HGFs. This suggests that profits may lead to the identification of Penrose's (1959) "productive opportunity" and that the accumulation of non-staff resources using these profits is necessary to drive subsequent sales.
Our results support the argument that high growth follows a different process from growth in the general population of firms. We observe that for the general population of firms, employment growth seems to "kick-start" the growth process, with employment growth driving subsequent changes in growth of sales, assets, and profits. For HGFs, however, the causal ordering is different-first comes growth of operating profits, then assets growth, then growth of sales, and at the end comes employment growth. The growth process of HGFs puts more emphasis on growth of operating profits-HGFs may find it difficult to create jobs unless they first experience growth of operating profits, which may act as a signal to managers and investors that profitable growth opportunities are available. HGFs may be more aggressive in pursuing growth, converting profits into growth projects in circumstances where other firms would be less enterprising. For the full sample containing all firms, whether or not they show high growth, we do not observe that growth of operating profits has a causal influence on contemporaneous growth of sales or employment. In the case of non-HGFs, growth of profits comes toward the end (just before growth of assets) in the estimated causal ordering. In the case of HGFs, however, growth of operating profits comes first, and actually has a small negative effect on employment growth (although there are indirect positive effects via sales growth and assets growth).
Our results imply that not all firms can be pushed, or volunteer themselves, into the HGF category, by hiring large numbers of employees. Policies to stimulate HGFs should therefore not push firms to quickly hire new employees unless the underlying conditions are favorable. The opportunities and capabilities to assist high growth episodes need to be in place before implementing plans for aggressive employment growth. Simply spotting market opportunities, or taking risks regarding future market conditions, do not seem to be sufficient justification for rapid employment growth-instead the firm needs to have already built on the opportunity, in terms of having achieved profits growth and sales growth, before following up with the hiring of new employees.
Some limitations of our analysis should also be mentioned. With regards to profits, we only observe realized profits rather than anticipated profits, and so we cannot comment on the possibility that it is anticipated profits that is driving the process of firm growth for the full sample of firms. Another possible data limitation is that we focused on firms with 20 or more employees, thus neglecting the growth processes of smaller firms. In future work, SVARs of the growth process might also investigate the roles of other variables in the growth process, and include other variables such as productivity or R&D expenditure. Furthermore, we focused on the 10% fastest-growing firms, but Table 3 ). Solid arrows indicate positive effects; dashed arrows indicate negative ones. Coefficients not significant at the 95% level are not shown. other definitions of HGFs might yield different results. Future work might also investigate how the growth process varies over the business cycle, or for firms in different countries or institutional contexts. Our SVAR model required the assumption that the relationships between the growth variables were acyclic (i.e. one causal direction between variables with no feedback loops), but future work might allow for cyclic relations between variables (cf Lacerda et al., 2008) .
Our empirical analysis has made a number of important contributions, however. First, it identifies an underlying schema of the growth process for the general population of business firms, focusing on the relationships between four main performance variables. Second, it identifies a unique pattern of growth among HGFs, whereby it is growth of operating profits that is the initial stimulus that triggers subsequent growth of assets, then sales, and then employment. Third, it does all this using an advanced technique for identifying causality which has considerable potential for use in the field of Management and Industrial Organization. Figure A2 .1. Bootstrap analysis of causal orderings for HGF subsamples (one-lag SVAR). 1 ¼ sales growth, 2 ¼ employment growth, 3 ¼ assets growth, 4 ¼ profits growth.
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